
Thesis: Neural Mimicry Materials: Development and Their Potential for Advancing AI in 
Solving Complex Problems 

Abstract Neural mimicry materials, engineered to emulate the structure and functionality 
of biological neural networks, represent a frontier in materials science and AI. These 
materials, leveraging principles of neuromorphic computing, offer energy-efficient, 
adaptive, and parallel processing capabilities that traditional silicon-based systems 
struggle to achieve. This thesis explores the development of neural mimicry materials, their 
integration into AI systems, and their potential to address complex problems in fields such 
as climate modeling, medical diagnostics, and autonomous systems. By bridging 
biological inspiration and technological innovation, neural-mimicry materials could 
redefine AI’s problem-solving capacity, enabling solutions to challenges that demand high 
computational complexity and adaptability. 

Chapter 1: Introduction 

The exponential growth of artificial intelligence (AI) has exposed fundamental limitations in 
conventional von Neumann architectures, including high energy consumption, memory 
bottlenecks, and inefficiency in handling dynamic, uncertain, or massively parallel data. 
Biological neural systems, by contrast, perform complex computations with remarkable 
efficiency—consuming roughly 20 watts while enabling learning, adaptation, and pattern 
recognition far beyond current supercomputers in certain domains. 

Neural mimicry materials—also termed neuromorphic or brain-inspired materials—seek to 
replicate key aspects of neural computation at the hardware level. These include synaptic 
plasticity (adjustable connection strengths), spiking dynamics, event-driven processing, 
and co-located memory and computation. Emerging classes encompass memristive 
devices, 2D van der Waals materials, organic/iontronic compounds, ferroelectric 
structures, and phase-change media. Advances from 2020–2026 highlight rapid progress in 
low-power synaptic emulation, multimodal sensing, and scalable integration. 

This thesis examines the materials science foundations, fabrication approaches, device-
level implementations, system integration, and transformative applications of neural 
mimicry materials. It argues that these materials are pivotal to next-generation AI capable 
of tackling inherently complex, real-world problems that require adaptability, low latency, 
and extreme energy efficiency. 

Chapter 2: Fundamentals and Development of Neural Mimicry Materials 

Neural mimicry materials derive functionality from mechanisms that parallel biological 
processes. 



2.1 Core Material Classes 

• Memristive and Ion-Based Devices — Memristors exploit ion migration or filament 
formation to achieve analog conductance states mimicking synaptic weights. 
Inorganic (e.g., oxide-based) and organic variants (e.g., ethyl viologen-based or 
natural polymers like lignosulfonate/honey) demonstrate STDP-like plasticity, 
multilevel states, and low-voltage operation. Electrochemical RAM (ECRAM) 
variants using protonic, lithium-ion, or oxygen-vacancy mechanisms enable non-
volatile synaptic behavior with energy consumption on the femtojoule scale. 

• 2D and van der Waals Materials — Transition metal dichalcogenides (e.g., MoS₂, 
MoTe₂), graphene heterostructures, and ferroelectric 2D compounds (e.g., CuInP₂S₆) 
offer atomic-scale thickness, tunable bandgaps, and compatibility with 3D 
monolithic stacking. They enable sub-100 mV switching, multimodal 
(tactile/visual/auditory) perception, and defect-engineered stability for synaptic and 
neuronal emulation. 

• Organic and Biocompatible Materials — Flexible, biodegradable options (e.g., 
PEDOT: PSS-pectin, fructose/CNT composites) support wearable/bio-integrated 
systems. Proton-doping in organics emulates neurotransmitter dynamics, while 
ferroelectric/phase-change organics provide plasticity for edge computing. 

• Ferroelectric and Phase-Change Materials — AlScN-based ferroelectrics and 
PCMs deliver high ON/OFF ratios, multibit retention (>10 years), and neuron-like 
thresholding/spiking. 

2.2 Fabrication and Engineering Advances 

Growth techniques include CVD for 2D layers, solution processing for organics, and 
atomic-layer deposition for interfaces. Key innovations address variability: interface 
engineering, defect control, and vdW heterostructures improve uniformity and endurance 
(>10⁶ cycles in many cases). 

Chapter 3: Integration into Neuromorphic AI Systems 

Neural mimicry materials enable hardware that unifies sensing, memory, and 
computation—overcoming the von Neumann bottleneck. 

3.1 Device-Level Emulation 

Artificial synapses exhibit short-term/long-term plasticity, paired-pulse 
facilitation/depression, and spike-timing-dependent plasticity. Artificial neurons 



implement leaky-integrate-and-fire or more complex dynamics via threshold switching or 
ion-coupled mechanisms. 

3.2 Hardware Architectures 

Crossbar arrays of memristors or 2D devices support in-memory computing for DNNs and 
SNNs. Hybrid analog-digital chips (e.g., Loihi 2, North Pole, Akida) demonstrate 25–100× 
energy gains over GPUs on edge tasks. 3D-integrated 2D stacks promise brain-like density. 

3.3 Learning Paradigms 

On-chip unsupervised/online learning via local plasticity rules reduces reliance on 
backpropagation and massive datasets, enabling continual adaptation. 

Chapter 4: Potential for Solving Complex Problems 

Neural mimicry materials excel in high-dimensional, noisy, real-time, or resource-
constrained scenarios where traditional AI falters. 

4.1 Climate Modeling 

Event-driven, adaptive processing is well-suited to spatiotemporal climate data. Low-
power SNNs on neuromorphic hardware could run ensemble simulations or anomaly 
detection at the edge (e.g., remote sensors), accelerating predictions of extreme events 
with orders-of-magnitude lower energy than GPU clusters. 

4.2 Medical Diagnostics 

Bio-compatible organic/2D devices enable implantable neural interfaces or wearable 
multimodal sensors for real-time biomarker analysis, seizure prediction, or personalized 
diagnostics. Reservoir computing on memristive networks efficiently processes irregular 
physiological signals. 

4.3 Autonomous Systems 

Edge neuromorphic chips with integrated sensing/computation support low-latency 
decision-making in robotics, drones, or vehicles. Spiking networks handle dynamic 
environments (e.g., obstacle avoidance, adaptive navigation) with minimal power, critical 
for battery-constrained or space-grade applications. 

Chapter 5: Challenges and Future Directions 

Despite progress, hurdles remain: device variability, scalability beyond laboratory 
prototypes, CMOS integration, long-term stability, and standardization. Ethical 
considerations include bio-integration risks and equitable access. 



Future pathways involve hybrid organic-inorganic systems, advanced 3D vdW stacking, 
photonic/quantum-enhanced neuromorphic, and machine-learning-accelerated material 
discovery. Commercial traction (e.g., BrainChip Akida, Intel Loihi) signals maturation 
toward widespread deployment by the early 2030s. 

Chapter 6: Conclusion 

Neural mimicry materials bridge neuroscience and engineering, offering a pathway to AI 
systems that match biological efficiency and adaptability. By enabling ultra-low-power, 
real-time, parallel computation, they hold transformative potential for climate modeling, 
precision medicine, and autonomous intelligence—addressing humanity's most pressing, 
computationally intensive challenges. Sustained interdisciplinary investment will be 
essential to realize this vision, ushering in an era where AI not only solves complex 
problems but does so sustainably and intelligently. 
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